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A First Look at the Empirical Relation between Spot
and Futures Electricity Prices in the US

Abstract

In this paper we investigatethe statistical properties of wholesale elec-
tricity spotandfutures prices tradedon theNew York Mercantile Exchange
for delivery at theCalifornia-Oregon Border. Usingdaily datafor theyears
1998 and 1999, we find that many of the characteristics of the electric-
ity market can be viewed to be broadly consistent with efficient markets.
Thefutures risk premiumfor six-monthfuturescontracts is estimated to be
0.1328percent perdayor about4 percentpermonth.UsingaGARCH spec-
ification, weestimateminimumvariancehedgeratiosfor electricity futures.
Finally, we study the dynamicrelation betweenspotandfuturesprices us-
ing anExponential GARCH modelandbetween thespot andfuturesreturns
seriesusing a vector autoregression.

Key Words: SpotandFuturesElectricityprices,COB FuturesPremiums,Hedge

Ratios.
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A First Look at the Empirical Relation between Spot
and Futures Electricity Prices in the US

1 Introduction and Background

Therecentderegulationof theelectricutility industryin many partsof theUnited

Stateshascreateda competitive wholesalepower market that exhibits a level

of price volatility unparalleledin traditional commodity markets. The reason

for this price behavior is attributedto the natureof how electricity is produced

andconsumed,inelasticdemand,seasonaleffectsandmostimportantly, thenon-

storability of electricity. Theseuniquecharacteristicsof thesupplyanddemand

for electricityarereflectedin thebehavior of wholesalepowerpricesaswell asin

thedynamicrelationbetweenthespotandfuturesprices.
�

At aboutthe sametime deregulationwas taking place,the market for elec-

tricity futures was emerging. The New York MercantileExchange(NYMEX)

introducedelectricity futuresin March 1996. Standardizedfuturescontractsfor

delivery at Palo Verde(Arizona),California-OregonBorder, Cinergy (Midwest),

Entergy (South-Central),andPennsylvania-Jersey-Maryland(PJM) interconnec-

tion arenow tradedon NYMEX. Tradingof futurescontractsallows generators

andconsumerstheopportunity to hedgethepricerisk andminimizetheimpactof

largepricefluctuations.However, aspointedoutby EydelandandGeman(1999)

andPirrongandJermakyan(1999),theinability to storeelectricitymeansthatthe

well known cost-of-carryrelationshipthatlinks spotandforwardpricescannotbe

usedto pricefuturesor establishoptimal hedgeratios.
�

This study investigatesthe empirical relationshipbetweenspot and futures

electricity pricestradedon the New York MercantileExchangeanddeliveredat
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theCalifornia-OregonBorder(COB).
�

Weexaminethecharacteristicsof themar-

ket usingdaily datafor theyears1998and1999anddocumentits behavior to be

consistentwith efficient markets.Thefuturesrisk premiumfor six-monthfutures

contractsis estimatedto be0.1328percentperdayor about4 percentpermonth.

Usinga GARCH specification,we estimateminimumvariancehedgeratios. Fi-

nally, we studythedynamicrelationbetweenspotandfuturespricesusingboth

anExponential GARCH modelanda vectorautoregressionrepresentation.

The literatureon corporaterisk managementsuggeststhat firms can bene-

fit from hedgingmarket risk. For instance,Smith andStultz (1985)show that

risk hedgingcan reduceexpectedtax liabilit ies andexpectedbankruptcy costs.

Bessembinder(1991),Froot,ScharfsteinandStein(1993)andStultz(1990)present

modelsthatshow thata policy of hedgingmarket riskscanleadto moreefficient

capitalinvestmentresults.

Forwardhedgingin thepower industryis likely to leadto substantialbenefits.

Theextremevolatility of wholesalepowerpricessuggestthatmostpowerproduc-

ersandretailershavesignificantpriceexposuresthatmayleadto seriousfinancial

difficulties.
�

Futurescontractsprovide a way to transferrisk betweenagentswho

have different risk preferences.Keynes(1930)claimedthat highly risk averse

individuals,thehedgers,would transfertherisk of carryinganassetto lessrisk-

averseindividuals,thespeculators.Also, individualswith differentendowments

of a commodity cantransferpricerisk whentheownersof largeendowments go

shortwhile thosewith futurerequirementsgo long.
�

BessembinderandLemmon(2002)presentan equilibrium pricing modelof

forward electricity contracts.Their modelimplies that the relationshipbetween

forward power priceandthe futurespotprice is a functionof bothexpectedde-
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mandand demandvariance. More specifically, they indicatethat the forward

pricewill generallybea biasedforecastof thefuturespotprice,with theforward

premiumbeinga decreasingfunction of the expectedvarianceof the wholesale

spotpriceandanincreasingfunctionof theexpectedskewnessof wholesalespot

prices.

Theremainderof this paperis organizedin five sections.In section2 we de-

scribethedataandpresentits statistical properties.In section3 we examinethe

characteristicsof thespotandfutureselectricitymarketsandestimatetheforward

risk premium. In section4, we estimatethe dynamicrelationbetweenspotand

futuresmarketsandderive estimatesfor optimal hedgeratios. A vectorautore-

gressionof thespotandfutureselectricitypricesis estimatedin section5. Further

implicationsderivedfrom impulseresponsefunctionsarediscussed.A brief sum-

maryandsomeconcludingremarksarepresentedin thefinal section.

2 Data Description

Daily spot and futureselectricity pricesfor the period March 1996 to January

2000wereobtainedfrom theNew York MercantileExchange.
�

Thesamedataset

includeddaily dataon tradingvolumeaswell asonopeninterestfor all contracts

tradedonNYMEX. Thedatasetincludeddaily observationsfor all fiveelectricity

futurescontractstradedon NYMEX, wherethe only differencesbetweenthese

contractsarein thesizeanddelivery location.
�

Similar to futuresmarkets for other commodities, electricity futuresrarely

requirephysicaldeliveryof electricity.
�
In mostinstances,thecontractisclosedby

enteringinto anoffsetting trade. NYMEX offerselectricity futurescontractsfor

differentdelivery locationsbecauseof the regionaldifferencesin theproduction
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of electricity.
�

In this studywe focusonly on electricityfuturescontractsthatare

deliveredat theCalifornia-OregonBorder(COB).

The COB futurescontracttradesin units of 432 MWh deliveredover a one

monthperiod.Theexchangesetsaminimumpricefluctuationof 1 centperMWh,

with no limits on maximum pricefluctuation. Tradingin any given futurescon-

tract terminateson the fourth businessday prior to the first day of the delivery

month. For the COB futures,the delivery locationis the Interconnectionpoint

at theCOB of thepacificnorthwest/pacificsouthwestAC inter-tie, includingthe

CaliforniaOregonTransMission project.

Several importantreasonspromptedus to omit datafor the years1996and

1997andconsideronly theyears1998and1999for thepresentstudy. First, the

Californiamarket did not deregulateuntil April of 1998.Prior to this, rateswere

largely fixedandtherewaslittl e reasonto hedge.Second,futurestradingin the

earlyyears(1996and1997)wasnot very active,andthefinancialcontractsused

for tradingthesefutureswereconstantlydeveloping. Finally, becausethemarket

for electricityfuturesstartedonly in March1996,it is likely thatin thebeginning

months,observedfuturespricesreflectedtheinexperienceof industryparticipants,

andmaynot representthetrueequilibrium pricingstructure.
�
	

Figure1 displaysdaily spotelectricity pricespostedon the COB market for

theperiodJanuary2, 1998throughJanuary1, 2000. Thespotpriceseriesrepre-

sentedthedaily wholesaleclosingpriceat COB. As evident from thegraph,the

behavior of electricity pricesis characterizedby temporaryupward spikes,high

volatility andfrequentextremevalues.Moreover, thepriceseriesexhibits signif-

icant positive skewness. Thesefeaturesaregenerallyattributedto the fact that

electricitycannotbeeconomicallystoredandthattherearerelatively few players
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on thegenerationandthewholesaledemandsidesof themarket.
���

Figure1 to goabouthere.

Datafor futurespricesincludedseveraldifferentseriesfor eachof thecontracts

traded. All of the electricity futurescontractsran for six consecutive months.

Limit ing our sampleperiodto years1998and1999resultedin a total of 16over-

lappingsix monthscontracts;the first begins on April 6, 1998 and expireson

September25,1998.Thenext contractstartsonemonthlater(May 5, 1998)and

endsonemonthlater (October27, 1998),andso on. The last contractstartson

July 6, 1999andexpireson January1, 2000. While the futuresprice for each

contractis independentof othercontracts,spotpricesoverlap. Sincethereis more

thanoneandone-halfyearsof data(andlessthantwo full years)in our sample

period,wehave threenon-overlappingsix-monthscontracts.

It is importantto point out that in this study, we conductempirical testing

on threedifferentsetsof data. The first set representsthe 16 futurescontracts

with their correspondingspotprices.Theseconddatasetis theforwardpremium

serieswhich is derivedfrom synchronizingthese16contractswith respectto ma-

turity. Finally, we conductsometestson a subsetof the contractsthat arenon-

overlapping. Thesecontractsarethe1st,7th,and13thcontractsfrom theoriginal

sequenceof 16contracts.

3 General Characteristics of Spot and Futures Elec-
tricity Markets

Descriptivestatisticsfor daily spotandfuturespricesfor eachof the16electricity

futurescontractsarepresentedin Table1. Thesamestatistics for daily spotand
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futuresreturnsarepresentedin Table2. Severalimportantfeaturesof theelectric-

ity priceseriesstandout. Both thespotreturnsandthefuturesreturnshavemeans

thatarenotsignificantlydifferentfrom zero.Thevolatility in thespotpriceseries

is two to fifteentimeshigherthanthevolatility in thefuturespriceseries.Similar

differencesareobserved for the returnsof the two series. All of the spotprice

aswell asthespotreturnseriesexhibit a statistically significantlevel of positive

skewnesswhereasthe futuresprice andreturnseriesdo not consistently exhibit

suchbehavior.
�
�

Tables1 and2 to goabouthere.

Bessembinderand Lemmon(2002) point out that positive skewnessin the

wholesaleelectricitypricesreflectsthepossibility of largeupwardswingsin the

marginal productioncosts. Given the relative fixed retail prices,this may cause

industry profitsto decline.To counterthiseffect,theindustryasawholewill have

anincentive to hedgeagainstproductioncosthikesby purchasingpower at fixed

futuresprices.Thisdemandfor fixedforwardpricesis likely to resultin apositive

forwardpremiumaswell asanactivemarket in electricityfutures.

Table3 recordstheautocorrelationresultsfor thefirst differencedseriesof the

threenon-overlappingcontracts.As theresultsin table3 show, thereis nosignif-

icantautocorrelationpresentandnoneappearsto bepersistentin thespotreturn

series.The futuresreturnserieshowever, exhibits somelevel of autocorrelation

for only oneof thecontractsexamined.Thelack of any significantserialcorrela-

tion in thedaily spotreturnsis consistentwith anelectricitymarket that is at the

very least,weak-formefficient.
�
�

Tables3 to goabouthere.
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3.1 The Forward Premium in Electricity Futures contracts

We employ a researchdesignthat is commonlyusedin the literatureto testfor-

wardandfuturespricingtheoriesin equity, commodities,fixedincomederivatives

andforeignexchangemarkets. Theex-antepremiumin theforwardprice is cal-

culatedby measuringtheex-postdifferentialbetweenfuturespricesandrealized

delivery datespotprices.
� �

For eachof thesixteenfuturescontractsin oursample,

wecalculatethedaily futurespremium(or discount)asfollows:����������������������� !�#"%$&�'�)(*$&��+ ,-�/.*+102+�343435+�.46*798;:;<>=
 !�

is the futurespriceand
$#�

is thespotpriceat time period
,
. For all of the16

contracts,we have a total of 2880 independentdaily futurespremiumobserva-

tions. A common problemin the literaturewith studying forward premiumsis

thatrandomshocksto assetpricesarelargerelative to any premiumin thefutures

price,causingtestsconductedin smallsamplesto lackstatistical power.
�
�

As awayof workingaroundtheproblemof smallsamples,weemploy atech-

nique that is similar in spirit to the well-known event-studymethodology. Es-

sentially, we synchronizethe start and the expiration datesfor eachof the 16

contracts.This procedureallows usto documentthebehavior of theforwardpre-

miumoverthelife of astandard6-monthfuturescontract.Figure2 plotsthemean

forwardrisk premiumfor all 16futurescontractstradedduringoursampleperiod.

Notethateachpointon thegraphrepresentsthemeanvalueof approximatelysix-

teenindependentobservations. Thefuturespremiumis shown to beanincreasing

functionof time to maturityandreacheszeroat expirationdate.
�
�

Figure2 to goabouthere.
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Before we estimatethe slopeof the trend line in Figure2, which gives the

meanforward premiumfor electricity prices,it is important to first confirmthat

thepremiumdecaysin alineartrendtowardazeromeanatexpiration. Thatis, the

premiumdoesnot follow a quadraticor any othernonlinearpattern.While this

behavior is evident from thegraphin Figure2, we attemptto fit the futurespre-

miumseriesto anumberof nonlinearspecificationswithoutmuchsuccess.Thus,

we proceedto estimatethe slopeof the trend line usingordinary leastsquares

regressionof thefuturespremiumseriesagainsta lineartime trend.Theaverage

daily futurespremiumis estimatedfrom thefollowing regression:������������?�@"A7>BC7>.EDFBC7*7>.4G*0�6H�'I9�J��K�8L�
The coefficient of trendis found to be positive andhighly significantat 1M

level with a t-statistic of 9.75. The estimated forward premiumvalueof .1328

percentper day or approximately4 percentper month is robust to a variety of

othermodelspecifications.
� �

Theestimatedforwardpremiumis largerelativeto similarpremiadocumented

in theliteraturefor othercommodities.For instance,ConsidineandLarson(2001)

documenta smallerrisk premiafor crudeoil andnaturalgas. Their empirical

findingsprovide strongsupportfor the presenceof risk premiumsthat areposi-

tively correlatedwith pricevolatility. Yang,BesslerandLeatham(2001)examine

the price discovery performanceof futuresmarketsfor storableandnonstorable

commodities. They find that while nonstorability doesnot affect cointegration

betweencashandfuturesprices,it doesaffect themagnitudeof biasof themar-

ketsestimateof futurecashprices. This will in turn causefuturespremiumsfor

nonstorablecommoditiesto behigherthanthosefor storablecommodities.

10



Thereare two possible explanations for observingsucha large futurespre-

mium for electricity contracts.First, it may be the casethat the uniquefeatures

of electricityasa non-storable commodityandthepresenceof relatively few big

playersin themarket, requiresa high premiumto bring equilibrium to a market

wheresupplyanddemandconditionsareparticularlyvolatile. This suggeststhat

the valueobtainedfrom hedgingprice risk in electricity marketsis worth much

morethanin othermorestablecommodities. Second,observingsucha largefu-

turespremiumin electricity contractsmay alsosuggestthat the power markets

may suffer from limited industry-outsiderparticipation andthusmay not yet be

sufficiently integratedwith thebroaderfinancialmarkets.

3.2 Trading Patterns in Electricity Futures

Usingthesameevent-study methodology with respectto synchronizingthecon-

tractperiod,weexaminetradingvolumeandthenumberof openinterestcontracts

for thatsametimeperiod.Figure3 depictsthevolumeof tradingin COBelectric-

ity futures.It is worth notingthatvolumeof tradinggraduallyincreasesover the

life of thecontracts.Thereis a sharpincreasein tradingvolumeaswe approach

the30-daymarkandinto thedaysbeforethecontractcloses.Thebehavior of trad-

ing volumeover thesix-monthscontractperiodis foundto bewell representedby

anexponential functionof time to maturity.

Figure3 to goabouthere.

Figure4showsthevolumeof openinterestin electricityfuturescontractsthrough-

outthesix-monthscontracts.Consistentwith thepreviousgraphdepictingtrading

volume, openinterestvolumeis shown to graduallyincreaseasthecontractsap-

proachmaturity. Notethesignificantdropin thevolumeof opencontractsbeyond
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the30-daymarkandtowardstheexpirationdate,wherethevastmajorityof these

contractsareclosedout.

Figure4 to goabouthere.

4 The Relation between Spot and Futures Markets

4.1 Estimating the Hedge Ratio

Thehedgeratio is theratio of theposition takenin thefuturescontractsthatwill

exactlyoffsetthesizeof theexposurein thespotmarket. An optimalhedgeratio

is derivedby minimizing thevarianceof theinvestor’s (hedger)hedgedportfolio

returns.Let
���ON � representthereturn,

=��ON � , thespotprice, P �ON � , thefuturespricein

period
,QDF.

and R � bethehedgeratio in period
,
. Thereturnto aninvestor going

long in thespotmarketandshortin thefuturesmarket wouldbe:�S�ON � �T=S�ON � " R � P �ON �
Thevarianceon thereturncanbewrittenas:U :;�V�W�
�S�ON � �-� U :X�S�Y��=S�ON � �!D R �� U :X�S�Y� P �ON � �Z"[0 R �
\V] U �W�^=S�ON � + P �ON � �
The minimum variancehedgeratio is calculatedby taking the derivative of the

aboveexpression with respectto R � andsettingit to zero,whichgives:

R �Q� \V] U ���^=S�ON � + P �ON � �U :X�S��� P �ON � � (1)

The minimum variancehedgeratio given in equation(2) cangenerallybe esti-

matedby regressingfuturesreturnson spotreturns.However, estimatinghedge

ratiosusingordinaryleastsquaresprovidesstaticestimatesthatarenotveryuseful

given thevolatile behavior of electricityprices.
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Suddenspikesandperiodsof increasedvolatility characterizemostspotand

futureselectricity time series.Moreover, the changein the volatility of forward

pricesat differenthorizonsis importantfor bothderivative pricing aswell asdy-

namichedging. Most commodities exhibit a patternof forward price volatility

which is decliningwith contracthorizon. This effect is attributedto thesmooth-

ing of expectationsoverthelife of thefuturescontract.Undersuchcircumstances,

theassumption of aconstantvarianceovertimeis clearlynotappropriate.In order

to capturethe potential changesin the variance,the conditional variancecanbe

modeledusinganARCH typemodelintroducedby Engle(1982)andgeneralized

asGARCH by Bollerslev (1986).

To estimatethe hedgeratio usinga GARCH specification,spotand futures

daily returnsaremodeledusingastandardGARCH (1,1)specification.
�
�

Specifi-

cally, weestimatethefollowing model:�J_� �a`b�Jc� D%dY�
(2)

e �� �Ff � D%f � d ��hg � D[f � e ��hg � (3)

Themeanequation(3) showsspotreturns(
� _�

) asafunctionof futurereturns(
� c�

)

andthe error term. The conditionalvariance( e �� ) equation(4) is specifiedasa

functionof threeterms;themean(
f � ), thenewsaboutvolatility from theprevious

period(
d ��hg � ) andthepreviousperiod’s forecastvariance( e ��hg � ).

Table 4 presentsthe estimatedhedgeratios for eachof the 16 futurescon-

tracts.Thecoefficient for thehedgeratio is foundto bepositive andstatistically

significantat the1M confidencelevel in 10 of the16 contracts.Themeanhedge

ratio for the10significantvaluesis 1.629.Thisestimateof thehedgeratio is high

relative to hedgeratiosfor othercommodities. For instance,Baillie andMyers
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(1991)usea similar GARCH modelto estimatetheoptimalhedgeratiosfor six

commodities. Their estimatesare0.07 for beef,0.25 for coffee, 0.61 for corn,

0.38for cotton,0.50for gold and0.76for soybeans.However, dueto theunique

characteristicsof electricityasa non-storablecommodity, andthe presenceof a

relatively few playerson the supplyandwholesaledemandsidesof the market,

thepricevolatility in thespotmarket is typically many timeshigherthantheprice

volatility for theseothercommodities.

Table4 to goabouthere.

Equallyimportantto theestimationprocedurearethesignificanceof thecon-

ditional varianceestimates.The estimatedcoefficientsfor last period’s forecast

variance(theGARCH term)aresignificantin every regression.This is consistent

with a pricebehavior that is subjectto suddenspikesin oneperiodwhich causes

suddenincreasesin volatility in thenext period. TheARCH termis alsosignifi-

cantin 11of the16contracts.Theseresultsareconsistentwith thoseobtainedby

Bystrom(2000)for theNordicPowerPool,andsuggestthataGARCH represen-

tationmight bea reasonableassumption for theprocessgeneratingreturnsin the

electricitymarket.
�
�

4.2 Estimating the Dynamic Relation between Spot and Fu-
tures Prices

In thissectionweattemptto modeltherelationbetweenthespotandfutureselec-

tricity prices.As alludedto earlier, wholesaleelectricitypricesarecharacterized

by periodsof tranquility that areoften followed by periodsof suddenincreases

in thelevelsof volatility. This behavior is consistentwith theasymmetric ARCH

type modelsdeveloped by Engleand Ng (1993),which allows for asymmetric
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shocksto volatility. Among the specificationsthatallow for asymmetric shocks

to volatility, we estimatetheEGARCHor theexponential GARCH modelwhich

wasproposedby Nelson(1991).Themeanequationis modeledas:

P �!�ai � D%i � =S�>Dji � e �HD%dY�
(4)

where P � representsthe futuresprice and
=��

the spotprice. e � is the conditional

standarddeviation. Thespecificationfor theconditionalvarianceis given by:kml*n � e �� �-�po � D[o � kql*n � e ��hg � �QD[o ��r dY�hg �e �hg � r Dso � dY�hg �e �hg � (5)

The left-handsideis the log of theconditionalvarianceimplying that the lever-

ageeffect representedby
o � in the varianceequationis exponential andthat the

forecastsof the conditional varianceare non-negative. Given the standardfor-

mulation betweenfuturesandspotprices,this specificationappearsparticularly

attractive for modelingthe behavior of suchderivative securities. We usethis

conditional variancespecificationto studythedynamicrelationbetweenspotand

futureselectricityprices.

Thisestimationusesthreeconsecutivebutnon-overlappingfuturescontracts.
��	

As indicatedbefore,the first contract,denotedas1, startson April 6, 1998and

matureson September25, 1998. Thenext contract,denotedascontract7, starts

on October25, 1998andendson March26, 1999. Thelastcontract,denotedas

13,startsonApril 15,1999andmaturesonSeptember27,1999.Table5 presents

theestimatedcoefficientsfor theEGARCHmodelappliedto thesethreefutures

contracts.

Table5 to goabouthere.
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Theresultsin Table5 indicatethattherelationbetweenspotandfutureselec-

tricity pricescanbe reasonablycapturedby the exponential GARCH specifica-

tion describedby Nelson(1991). All of the estimatedcoefficientsare found to

besignificantat the95M confidencelevel with anaverageR-squaredabove80M .

In the meanequation,the slopecoefficient is highly significant in all threecon-

tracts.More importantly, theGARCH term( e ��hg � ) is very significantnot only in

the varianceequation,but alsoin the meanequation.This indicatesthat condi-

tional volatility is a majordeterminantof thedynamicrelationbetweenspotand

futureselectricityprices.

The“leverageeffect” is estimatedby thecoefficient
o � in Table5. In all three

contractsthiscoefficient is highly significantindicatingthattheimpactof a lever-

ageeffect will beasymmetric.In thefirst contractthis estimateis negative while

in contracts2 and3 this estimateis positive. Thepresenceof a leverageeffect in

electricityspotpriceswasalsodocumentedby Knittel andRoberts(1999).More-

over, theEGARCHtermin thevarianceequation,representedas(
o � ) in equation

6, is shown to benot very closeto onein all threecontracts.This resultindicates

that volatility shocksarenot likely to be very persistent.This behavior will be

furtherexaminedusingimpulseresponsefunctionsin thenext section.

5 Vector Autoregression of the Spot and Futures Re-
turns

As pointedout before,the traditional no-arbitragecost-of-carrymodelsof pric-

ing forward contractsdo not readily apply to power markets. Thus it may be

difficult to theoreticallyestablishtheusuallink betweenspotandforwardprices.

An alternative, non-structural approachis to usea vectorautoregression(VAR)
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to modeltherelationshipbetweenspotandfuturesreturns.This methodology is

particularlyuseful in analyzingthe dynamicimpactof randomdisturbanceson

theestimatedrelationship.

We estimatea VAR modelto assessthe time-seriesbehavior of spotandfu-

tureselectricityreturnseriesbasedon thefollowinggeneralmodel:

t �!�Fu 	 DwvExyCz � u y t �hg y D[{J�
(6)

t �Q�}| P �=S�9~
where

=V�
and P � arethespotandfuturesdaily returnseriesfor eachof the16futures

contractsin oursampleperiod.Sincethereis no theoreticallyjustifiedmethodof

choosingthelaglengthfor theVAR, weemploy theBayesianestimationcriterion

functionsuggestedby Geweke andReese(1981),which is minimizedfor a VAR

of orderone.Table6 presentsresultsfor theVAR(1) estimation.

Table6 to goabouthere.

As expected,thereis a positive relationbetweencurrentandfuturevaluesof

boththespotandfuturesreturnseries.In everystatistically significantestimatein

theVAR system, thecoefficient is positive. Moreover, in everyoneof the16con-

tractsestimated,thespotequationis foundto bemoresignificantthanthefutures

equation.Thisfindingis consistentwith anelectricitymarket in whichspotprices

aresignificantlymoreimpactedby currenteventsthanfutureselectricityprices.

To assessfurthertheimplicationsof theestimatedVAR(1) for thetime-series

propertiesof thespotandfuturesreturns,weconductwhatamountsto anumerical

simulationof theVAR system. Specifically, an impulse-responsefunctiontraces

theresponseof oneof thevariablesto achangein oneof themodel’s innovations.
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For instance,we tracethe effect on currentand future valuesof both the spot

andfuturesreturnsresultingfrom a one-standarddeviation-shockto oneof the

innovations. If the residualsare not correlated,the impulse responsefunction

for oneinnovationmeasurestheeffect of onestandarddeviation shocktodayon

currentandfuturevaluesof thespotandfuturesreturns.

To accountfor potentialcorrelationbetweentheinnovations,weorthogonalize

the two processesusinga Cholesky decomposition of the covariancematrix of

the errors. Assuming that both the spotandfuturesreturnsareat their long-run

averages,Figure5, shows the effect of two impulsevectorson VAR(1), where

the solid line anddashedlines representthe spotreturnsandthe futuresreturns

respectively. Thesevectorscorrespondto a shockof magnitude 1 to theprocess

asthebasisfor theorthogonalization,wherein thefirst casethespotreturnis used

asthebasis,andin thesecondcasethefuturesreturnsis usedasthebasis.

Figure5 to goabouthere.

Thegraphat thetopof Figure5 showsthatapositiveshockto thespotreturns

seriesdiesout after eight dayswith a half-life of aboutfour days. This shock

resultsin apositiveshockto thefuturesreturnsseries,whichpeaksat two to three

days,anddiesout graduallyover thenext nineto tendays.Moreover, theshock

causesboth thespotandthe futuresreturnsseriesto move in thesamedirection

asthey reachtheir steadystate,with a muchsmallerimpacton thefuturesseries

duringthefirst two days.

Thebottompartof Figure5 shows thata positive shockto the futuresreturn

serieshasmuch lessimpacton both the spotand futuresreturns. This is evi-

dentwhenwe comparethemagnitudeof thescalesbetweenthetwo graphs.The
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movementin the spot returnsseriestendsto be insignificant in relative magni-

tude.Interestingly, regardlessof theimpactof theshock,boththespotandfutures

returnsseemto converge to their long-runsteadystatewithin aboutnine to ten

days.

In general,theVAR(1) estimationandtheimpulseresponseanalysisprovides

moreinsight into the behavior of spotandfuturesreturnseries.Positive shocks

to spotreturnshave significantly moreimpacton bothcurrentandfuture values

of electricity thanshocksto futuresreturns. Moreover, shocksto both spotand

futuresreturnsappearto berelatively short-lived with a half-life of aboutfour to

fivedaysbeforethey convergeto their long-runequilibrium.

6 Summary and Conclusions

Therecentderegulationof theelectricutility industryin many partsof theUnited

Stateshascreateda competitive wholesalepower market that exhibits a level

of price volatility unparalleledin traditional commodity markets. The reason

for this price behavior is attributedto the natureof how electricity is produced

andconsumed,inelasticdemand,seasonaleffectsandmostimportantly, thenon-

storability of electricity. Theseuniquecharacteristicsof thesupplyanddemand

for electricityarereflectedin thebehavior of wholesalepowerpricesaswell asin

thedynamicrelationbetweenthespotandfuturesprices.

In this studywe investigate the empirical relationbetweenspotand futures

electricitypricestradedonNYMEX thatarefor delivery at theCalifornia-Oregon

Border. Weexaminethecharacteristicsof themarketusingdailydatafor theyears

1998and1999. Autocorrelationresultson thespotandfuturespriceseriesindi-

catethatthebehavior of theelectricitymarket is broadlyconsistentwith efficient
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markets.However, dueto theuniquecharacteristicsof electricityasanon-storable

commodity andtherelatively few playersonthegenerationandwholesaledemand

sidesof themarket,we find thatelectricityfuturesaresignificantlydifferentthan

for otherstandardcommoditieswith respectto estimatesof futurespremiumand

hedgeratios.

The forward risk premium for six-month futures contractsis estimatedto

be 0.1328percentper day or about4 percentper month. The estimatedfor-

wardpremiumis largerelative to similar premiadocumentedin theliteraturefor

othercommodities. However, becauseof the uniquefeaturesof electricity asa

non-storablecommodity this large premiummay in fact be requiredin order to

bringequilibrium to a futuresmarket wheresupplyanddemandconditionsareso

volatile. Alternatively, suchalargepremiummayalsosuggestthatpowermarkets

maypresentlysuffer from limitedindustry-outsiderparticipationandthusmaynot

besufficiently integratedwith thebroaderfinancialmarkets.Only thepassageof

timewill affirm eitherof theseexplanations.

Usinga GARCH specification,we estimateminimum variancehedgeratios.

Themeanhedgeratiofor the16futurescontractstradedduringtheperiodApril 6,

1998throughJanuary1,2000is estimatedto be1.629.Onceagainthehedgeratio

is high relative to its valuefor othercommodities. However, dueto the unique

characteristicsof electricity, the price volatility in the spot market is typically

many timeshigherthanthepricevolatility in thefuturesmarket.

Finally, we study the dynamicrelation betweenspotand futurespricesus-

ing anExponentialGARCH modelandbetweenspotandfuturesreturnsusinga

vectorautoregression representation.TheEGARCHmodelis shown to bea rea-

sonabledescriptionof the dynamicrelationbetweenspotandfutureselectricity
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prices. The vectorautoregressionof spotandfuturesreturnsseriesrevealsthat

positive shocksto spotpriceshave significantlymoreimpacton bothcurrentand

futurevaluesof electricitythanshocksto futuresprices.Moreover, shocksto both

spotandfuturesreturnsappearto berelatively short-lived with ahalf-life of about

four to fivedaysbeforethey convergeto their long-runequilibrium.

Futureresearchinto this relatively new market shouldexplore a variety of

unresolved issues.For instance,the magnitudeof the forward risk premiumin

electricitypricesmaychangesignificantlyovertimeasmoreindustry outsidersare

attractedinto tradingin spotandfutureselectricitymarkets. More researchinto

the behavior of the futuresmarket andits relationwith the spotprice is needed

to betterunderstandthe effectivenessof hedgingin this market. Modeling the

theoreticalrelationbetweenspotandfuturespricesfor non-storablecommodities

will shednew light on thebehavior of thishighly volatileelectricitymarket.
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FOOTNOTES

1. Thecompetitivenatureof thewholesalepowermarketshasbeenthesubject
of muchdebate.GreenandNewbery(1992),Newbery(1995)andWolfram
(1999) concludethat thereare an insufficient numberof suppliers in the
British power markets. Borensteinand Bushnell (1999) and Borenstein,
Bushnelland Wolak (2002) find that California electricity markets have
somepotentialfor market power. Joskow and Kahn (2001) indicatethat
recentelectricitypricesin California“f ar exceededcompetitive levels”.

2. Routledge,SeppiandSpatt(2000)developanequilibriummodelof forward
pricesfor storablecommodities. They usea competitive rationalexpecta-
tionsmodelof storageto studythe impactof theembeddedtiming option
on commodityspotandfuturespricing. Unfortunatelytheir resultsdo not
necessarilyextendto electricityfutures.

3. TheCOB locationhasemergedasa majormarket centerfor electricityfu-
tures.This particularregion hasanactive wholesalemarket andutilit ies in
California have startedoperatingundera performancebasedrate-making
policy. This futuresmarketprovidesapricereferenceandrisk management
tool to themarketparticipants.

4. A recentexamplein CaliforniaareSouthernCaliforniaEdisonandPacific
Gasand Electric, both companiesexperiencingfinancial problemsstem-
ming from thehigh costsof purchasingpower on thewholesalespotmar-
ketswhile their retail rateswerefixedby regulators.Moreover, they where
notallowedto enterinto long-termcontractswith suppliers.

5. For furtherdetailsonhedgingandrisk behavior, seeHicks(1946),Working
(1953),Johnson(1960)andmorerecentlyCornell(2000).

6. It is important to note that the California energy crisis began in the mid-
dle of year 2000 and extendedinto year 2001. Our datadoesnot cover
theseevents.For anexcellentreview of theeventsleadingto thiscrisis,see
Blumstein, FriedmanandGreen(2002).

7. For acompletedescriptionof thevariousfutureselectricitycontractstraded
onNYMEX, seeEmeryandLiu (2002)andtheNYMEX website.
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8. Accordingto NYMEX, lessthan2M of electricity futuresresult in actual
delivery.

9. Forexample,California-OregonBorder(COB)deliverypointprimarilyuses
hydro,PaloVerdeusesnaturalgas,PJMusesnuclearetc.

10. Figlewski (1984)reportsthatmarket pricesfor stockindex futuresinitially
(at inception)deviatedsignificantlyfrom theoreticalvalues,but converged
towardpredictedvaluesaftera few monthsof trading.

11. Market pricesare volatile becauseinventories cannotbe usedto smooth
supplyanddemandandpositiveskewnessis theresultof expecteddemand
beinghigherthanor morevolatile thancapacity.

12. The resultsfor the returnsseriesare identical to thosefor the price series
andarethereforenot shown here.

13. Notethatthecontinuing investigationsby federalenergy regulatorsof pos-
siblemanipulation of electricitypricesin Californiaby Enron,AvistaandEl
PasoElectricoccurredmostlyduring2000-01,well afteroursampleperiod.
SeeNew York Timesarticleby RichardA. OppelJr., August14,2002.

14. It is importantto notethat in this paper, we do not distinguishbetweenfu-
turespremiumandforwardpremium.Both termsareusedinterchangeably
andareonly referringto tradedfuturespricesrelative to thespotprice.

15. FamaandFrench(1987) testwhetherfuturesrisk premiumsare nonzero
using9 to 18 yearsof dataon 22 commodity markets. They concludethat
“the evidenceis notstrongenoughto resolve thelong-standingcontroversy
abouttheexistenceof nonzeroexpectedpremiums.”

16. Due to theNYMEX rule of no trading4 daysprior to contractexpiration,
we observe a slight negative premiumtwo or threedaysprior to contract
expiration.

17. To confirmthelinearity of theforwardpremiumover time, we smooththe
premiumseriesusingtheHodrick-Prescott(1997)filter. This methodpro-
videsa goodestimateof the long-termtrendin a series.Using their filter
we obtainanidenticalestimatefor theestimatedpremiumwith a t-statistic
of 463andanR-squaredof 99.9percent.
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18. Bystrom(2000)examinesseveral alternative specificationsfor estimating
hedgeratios for electricity futurestradedon the Nordic Power Exchange
NordPool.HefindsthatastandardGARCH modelworksbetterthanmore
elaboratespecifications.

19. The standardapproachto choosinga particularreturngeneratingprocess
is to testtheresultsagainstalternative specifications.We testedthis model
againstotherhigherorderARCH andGARCHmodelsincludingAsymmet-
ric ARCH typespecifications.Noneperformedbetterthanthesimplefirst
orderGARCH model.

20. It shouldbe noted that to characterizethe behavior of spot and futures
prices,overlapping observation canobscurethe true structureof the rela-
tion. However, in theprevioussectionwe estimatedhedgeratiosusingthe
full sampleof 16contractssinceeachfuturescontractandits corresponding
spotpricesis uniquewith respectto its startandexpiration dates.
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Table 1: Summarystatistics of the daily wholesaleelectricity spotand futures
priceseriesfor all sixteenfuturescontractstradedduringtheperiodApril 6, 1998
throughJanuary1, 2000

Series Mean Std.Dev. Skewness Kurtosis Jarque-Bera Prob.
S1 31.11 17.25 1.27 4.23 39.95 0.00
S2 31.95 16.98 1.17 4.17 35.23 0.00
S3 34.66 15.33 1.28 4.94 52.71 0.00
S4 37.21 14.31 1.69 5.20 82.27 0.00
S5 34.72 14.59 1.83 5.86 107.40 0.00
S6 29.17 11.15 3.15 14.80 880.65 0.00
S7 25.98 8.31 2.76 14.60 818.88 0.00
S8 24.91 7.78 3.52 20.33 1751.06 0.00
S9 24.66 7.72 3.72 21.65 2001.22 0.00
S10 24.11 5.12 1.13 4.43 35.76 0.00
S11 27.28 8.95 1.71 6.27 114.48 0.00
S12 29.88 9.86 1.67 6.08 105.61 0.00
S13 32.29 8.85 1.82 6.72 136.75 0.00
S14 36.66 11.09 1.09 3.72 26.91 0.00
S15 38.76 11.37 0.81 3.00 13.42 0.00
S16 38.41 10.80 1.07 3.53 24.65 0.00

F1 28.56 1.03 -0.26 1.91 7.30 0.02
F2 29.82 1.64 1.74 7.86 182.47 0.00
F3 32.02 1.60 0.79 4.10 19.04 0.00
F4 28.88 2.77 0.74 2.63 11.82 0.00
F5 25.30 2.65 0.15 2.03 5.10 0.07
F6 21.22 1.85 -0.39 1.88 9.14 0.01
F7 19.54 1.51 0.36 2.42 4.34 0.11
F8 17.65 1.31 0.37 2.22 5.82 0.05
F9 17.81 1.47 1.76 7.67 170.33 0.00
F10 27.10 2.11 1.69 6.12 106.24 0.00
F11 43.79 3.40 0.79 2.42 14.40 0.00
F12 41.89 2.86 -0.18 3.48 1.91 0.38
F13 31.84 1.90 0.26 2.06 5.76 0.05
F14 33.36 2.05 0.44 2.20 7.19 0.02
F15 35.37 1.47 -0.68 3.98 14.41 0.00
F16 31.27 1.53 -0.17 2.65 1.22 0.54
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Table2: Summarystatisticsof thedaily spotandfuturesreturnseriesfor all of the
sixteenfuturescontractstradedduring theperiodApril 6, 1998throughJanuary
1, 2000

Series Mean Std.Dev. Skewness Kurtosis Jarque-Bera Prob.
S1 0.0193 0.1956 0.84 5.04 33.55 0.00
S2 0.0256 0.1913 0.85 5.32 39.87 0.00
S3 0.0231 0.1804 1.11 6.12 70.50 0.00
S4 0.0153 0.1469 0.74 4.84 26.87 0.00
S5 0.0027 0.1409 0.54 7.61 107.63 0.00
S6 -0.0009 0.1208 0.54 11.63 363.29 0.00
S7 0.0046 0.1174 0.60 12.55 444.39 0.00
S8 0.0068 0.1303 0.34 9.24 188.95 0.00
S9 0.0104 0.1301 0.29 9.29 191.55 0.00
S10 0.0128 0.1315 1.44 9.30 230.36 0.00
S11 0.0154 0.1587 0.75 6.04 55.34 0.00
S12 0.0209 0.1764 0.79 5.24 36.23 0.00
S13 0.0193 0.1848 0.82 4.88 30.09 0.00
S14 0.0231 0.2022 1.27 6.42 87.08 0.00
S15 0.0170 0.2027 1.34 6.53 94.83 0.00
S16 0.0122 0.1786 1.47 8.58 190.79 0.00

F1 -0.0002 0.0165 -0.09 4.82 16.17 0.00
F2 0.0021 0.0181 1.06 6.69 87.13 0.00
F3 0.0004 0.0197 0.34 4.54 13.74 0.00
F4 0.0009 0.0254 0.66 5.87 48.10 0.00
F5 -0.0010 0.0265 -0.32 3.97 6.60 0.03
F6 -0.0004 0.0239 -0.30 3.08 1.75 0.41
F7 0.0004 0.0235 -0.13 2.78 0.55 0.76
F8 0.0000 0.0235 0.17 2.70 1.01 0.60
F9 0.0019 0.0233 0.19 4.65 13.83 0.00
F10 0.0029 0.0220 0.92 4.94 34.45 0.00
F11 -0.0008 0.0182 -0.08 3.07 0.17 0.91
F12 -0.0009 0.0194 -0.61 3.51 8.42 0.01
F13 0.0014 0.0138 -0.65 6.14 55.75 0.00
F14 0.0013 0.0147 0.07 3.84 3.52 0.17
F15 -0.0006 0.0161 -0.37 4.49 13.39 0.00
F16 0.0002 0.0173 -0.40 3.16 3.21 0.20
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Table3: Autocorrelationestimatesof thefirst differencein futuresandspotprice
seriesfor threeconsecutivenon-overlappingcontracts.

First Differencein FuturesPriceSeries
04/06/98to 09/25/98 10/25/98to 03/26/99 04/15/99 to 09/27/99

Lag AC Q-stat Prob. AC Q-stat Prob. AC Q-stat Prob.

1 -0.07 0.60 0.43 -0.06 0.45 0.49 -0.11 1.55 0.21
2 -0.17 4.30 0.11 -0.11 2.01 0.36 -0.10 3.01 0.22
3 -0.005 4.30 0.23 0.07 2.67 0.44 0.13 5.39 0.14
4 0.15 7.20 0.12 0.03 2.80 0.59 0.02 5.45 0.24
5 -0.04 7.42 0.19 -0.05 3.24 0.66 -0.16 9.01 0.10
6 -0.20 12.60 0.05 0.06 3.84 0.69 -0.12 10.94 0.09
7 0.01 12.62 0.08 0.06 4.40 0.73 0.12 12.89 0.07
8 0.02 12.69 0.12 -0.05 4.77 0.78 -0.19 18.06 0.02
9 -0.02 12.74 0.17 -0.09 5.97 0.74 0.11 19.86 0.01
10 -0.19 17.49 0.06 -0.005 5.98 0.81 -0.10 19.87 0.03
11 -0.005 17.49 0.09 -0.14 8.75 0.64 -0.03 20.07 0.04
12 0.05 17.93 0.11 0.02 8.84 0.71 0.10 21.62 0.04

First Differencein SpotPriceSeries

1 0.10 1.40 0.23 0.15 2.91 0.08 0.02 0.07 0.77
2 -0.20 6.57 0.03 -0.18 7.05 0.02 -0.07 0.84 0.65
3 -0.08 7.47 0.05 -0.25 14.98 0.002 -0.27 10.53 0.01
4 -0.006 7.48 0.11 -0.13 17.34 0.002 -0.22 16.62 0.002
5 -0.10 8.77 0.11 0.001 17.34 0.004 0.07 17.37 0.004
6 0.08 9.75 0.13 -0.08 18.22 0.006 -0.13 19.64 0.003
7 0.10 11.24 0.12 -0.03 18.38 0.01 0.18 24.29 0.001
8 -0.10 12.61 0.12 -0.01 18.41 0.01 0.11 26.15 0.001
9 -0.13 14.83 0.09 0.08 19.27 0.02 -0.08 27.03 0.001
10 -0.10 16.23 0.09 0.01 19.29 0.03 0.02 27.12 0.002
11 -0.16 19.84 0.04 -0.005 19.29 0.05 -0.21 33.55 0.00
12 -0.03 20.05 0.06 -0.06 19.80 0.07 0.08 34.54 0.001
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Table4: GARCH(1,1)Estimationof thehedgeratio for all of thesixteenfutures
Contracts.The estimatedcoefficientsareasshown in equation(3) and(4). An
asterisk( � ) indicatesthatthecoefficient is significantat the95M confidencelevel.

Contract
` f � f � Durbin-Watson Std.Error AIC

1 2.08� 0.07 0.90� 2.08 0.19 -0.57
(2.37) (1.30) (17.74)

2 0.61� 0.65� 0.61� 2.05 0.19 -0.76
(3.36) (4.05) (10.16)

3 0.82� 0.35� 0.70� 1.94 0.18 -1.01
(4.67) (2.77) (12.03)

4 0.41� 0.54� 0.54� 1.48 0.16 -1.30
(2.62) (4.14) (7.12)

5 0.01 0.60� 0.46� 1.43 0.14 -1.50
(0.04) (3.78) (7.06)

6 0.26 0.54� 0.37� 1.51 0.12 -1.85
(1.47) (3.39) (3.43)

7 0.56� 0.51� 0.34� 1.60 0.12 -1.91
(2.10) (2.12) (2.22)

8 1.00� 0.42� 0.46� 1.77 0.13 -1.66
(3.29) (2.12) (2.98)

9 0.62 0.43� 0.43� 1.76 0.13 -1.58
(1.75) (1.94) (2.83)

10 0.79 0.27 0.70� 2.39 0.13 -1.48
(1.74) (1.72) (4.66)

11 2.56� 0.15� 0.86� 2.28 0.16 -1.19
(4.89) (2.22) (17.96)

12 1.43 0.08� 0.91� 2.29 0.18 -0.74
(1.83) (2.45) (34.69)

13 -0.78 0.45� 0.60� 2.20 0.18 -0.67
(0.57) (3.49) (6.46)

14 2.95� 0.01 0.93� 2.29 0.19 -0.44
(2.37) (0.56) (23.78)

15 3.17� -0.02 1.03� 2.30 0.19 -0.53
(4.70) (0.21) (4.31)

16 2.13� 0.19 -0.35� 2.43 0.17 -0.71
(3.35) (1.16) (2.03)
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Table 5: Modeling the relation betweenthe spot and futureselectricity prices
usinganExponentialGARCHspecificationfor threeconsecutivenon-overlapping
futurescontracts.Theestimatedcoefficientsareasshown in equation(5) and(6).
An asterisk(� ) indicatesthat the coefficient is significantat the 95M confidence
level.

Contract
i � i � i � o � o � o � o � � �

1 3.38� 0.02� -5.92� -0.95� 0.87� -0.11� -0.31� 0.77
(149.05) (3.46) (9.05) (2.30) (16.96) (2.02) (5.88)

2 2.63� 0.04� 6.84� -0.75� 0.89� -0.01 0.30� 0.86
(59.28) (3.14) (11.33) (2.24) (19.96) (0.19) (7.19)

3 3.29� 0.01� 5.35� -0.62� 0.91� -0.14� 0.38� 0.82
(125.40) (2.11) (20.24) (2.40) (30.81) (2.30) ( 7.79)
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Table6: VAR(1) Estimationof thespotandfuturespriceseriesasrepresentedby
thesystemin equation(7): Contractsfrom 1 through8. An asterisk( � ) indicates
thatthecoefficient is significantat the95M confidencelevel.$&���

/
 b��� $&�q� �hg �  b�m� �hg � � � Std.Error AIC$ � � -0.06 4.09� 0.11 0.18 -0.53

(0.71) (3.88) � � -0.004 -0.06 0.008 0.01 -5.34
(0.50) (0.71)$ � � -0.03 2.05� 0.04 0.18 -0.51
(0.36) (2.22) � � 0.005 0.12 0.016 0.02 -5.09
(0.55) (1.26)$ � � .01 2.74� 0.09 0.17 -0.67
(0.10) (3.39) � � 0.0006 0.17 0.03 0.02 -5.04
(0.06) (1.91)$ � � 0.25� 1.26� 0.10 0.15 -0.89
(2.88) (2.27) � � -0.02 0.23� 0.08 0.02 -4.55
(1.86) (2.57)$ � � 0.28� 0.09 0.80 0.13 -1.12
(3.14) (0.18) � � -0.03 0.22� 0.07 0.02 -4.45
(1.79) (2.41)$ � � 0.23� 0.23 0.05 0.12 -1.35
(2.59) (0.48) � � -0.03� 0.08 0.04 0.02 -4.63
(2.09) (0.88)$ � � 0.17 0.01 0.03 0.11 -1.41
(1.85) (0.02) � � -0.03 -0.03 0.02 0.02 -4.65
(1.61) (0.40)$ � � 0.10 0.10 0.01 0.13 -1.23
(1.05) (0.19) � � -0.01 -0.01 0.003 0.02 -4.60
(0.62) (0.09)
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ContinuedVAR(1)estimationof thespotandfuturespriceseriesasrepresentedby
thesystemin equation(7): Contractsfrom 9 through16. An asterisk( � ) indicates
thatthecoefficient is significantat the95M confidencelevel.$&���

/
 b��� $&�q� �hg �  b�q� �hg � � � Std.Error AIC$ � � 0.10 0.16 0.01 0.13 -1.22

(1.13) (0.32) � � -0.01 0.11 0.01 0.02 -4.65
(0.61) (1.15)$ �
	 � -0.32� 2.24� 0.17 0.12 -1.34
(3.51) (4.45) �
	 � -0.05� 0.29� 0.12 0.02 -4.66
(3.39) (3.03)$ ��� � -0.23� 1.77� 0.06 0.16 -0.75
(2.43) (2.06) ��� � -0.03� 0.21� 0.08 0.01 -5.18
(2.87) (2.29)$ �
� � -0.19� 2.09� 0.07 0.17 -0.62
(2.14) (2.54) �
� � -0.02� 0.09 0.04 0.02 -5.02
(2.30) (0.99)$ �
� � -0.10 2.55� 0.05 0.17 -0.58
(1.13) (2.19) �
� � -0.003 -0.11 0.01 0.01 -5.65
(0.47) (1.24)$ � � � -0.18� 2.50� 0.05 0.19 -0.41
(1.96) (2.03) � � � -0.01 0.02 0.02 0.01 -5.56
(1.57) (0.25)$ �
� � -0.20� 2.98� 0.07 0.19 -0.40
(2.23) (2.69) �
� � -0.01 0.13 0.03 0.01 -5.30
(1.82) (1.42)$ �
� � -0.25� 3.22� 0.13 0.16 -0.73
(2.87) (3.54) �
� � -0.01 0.01 0.03 0.01 -5.23
(1.91) (0.15)
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Figure 1. Daily prices of wholesale spot electricity traded on NYMEX for delivery at the California-Oregon 
Boarder over the period January 1, 1998 to December 30, 1999.
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Figure 2. Forward premiums for electricity futures contracts delivered at COB for the period March 
1998 through December 1999.
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y = 1418.8x-0.8075

R2 = 0.7564
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Figure 3. Trading volume for electricity futures contracts traded on NYMEX for 
delivery at COB over the period March 1998 through December 1999.
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Figure 4. Volume of open interest in electricity futures contracts trading on NYMEX for delivery at 
COB over the period March 1998 through December 1999. 
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Figure 5. Impulse response functions derived from estimating an autoregression of the
spot and futures electricity returns series for a representative six-month contract.
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